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Abstract  
Springback is a crucial factor in cold stamping that causes geometric inaccuracy of the stamped component after removal of tools. This study, for the first time, presents a novel application of a Convolutional Neural Network (CNN) based surrogate model to predict the thinning and springback behaviours for cold stamping. Datasets were created based on two cold stamping case studies, i.e., a U-bending case and an outer car door panel stamping case. The datasets were then applied to train the CNN-based surrogate models. The results show that the surrogate models can achieve near indistinguishable full-field predictions in real-time when compared with the FE simulation results. The application of CNN in efficient springback prediction can be adopted in industrial settings to aid both conceptual and final component designs for designers without having manufacturing knowledge. 
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INTRODUCTION 
Cold stamping, as a cost saving manufacturing process, has been widely applied in the automotive industry for the mass production of a great range of automotive panels for modern vehicles, such as electric vehicles. However, excessive springback is one of the key factors that crucially affect the geometric accuracy of cold-stamped components [1]. Predicting the springback to ensure the dimensional accuracy of the cold-stamped components is a critical step. The main approaches for the prediction and compensation of springback in cold stamping include running Finite Element (FE) simulations and conducting experiments [1], which require forming process expertise and can be time-consuming and expensive for the design of cold stamping tools. Machine learning (ML) technologies have been proven and successfully applied in learning complex system behaviours using presentative samples, and has introduced a novel approach to establish time efficient process surrogate models based on Finite Element (FE) simulations to assist the assessment of manufacturability [2][3]. Convolutional Neural Networks (CNNs) based surrogate modelling enables the predictions of highly non-linear physical fields, such as stress fields, obtained from FE simulations with image representations of simulation inputs, such as tool geometries [4]. CNN-based surrogate modelling exhibits the promising potential to be used as supporting design tools for metal forming technologies. However, it has not been applied to predict the springback behaviour of cold stamping. The aim of this study is to present a novel application of CNN-based surrogate modelling in rapid predictions of thinning fields and post-springback displacement fields of cold-stamped components to assist the rapid assessment of manufacturability of cold stamping. Two datasets were generated in two case studies, being a U-bending case and a car door outer panel stamping case, for the development of the CNN-based surrogate models.
Methodology
The methodology of developing the CNN-based surrogate models to predict the thinning and springback behaviours for cold stamping will be explained in this section. The U-Net [5] convolutional network architecture was adopted in this study because it enables image-to-image prediction of highly non-linear physical fields, such as thinning fields, stress fields, and displacement fields of plastic deformation processes. The surrogate models took images containing the information of various stamping tool designs and processing parameters as inputs and output the predictions of thinning fields and displacement fields of the cold stamped components. FE simulations of the thinning fields and post-springback displacement fields of cold stamping with various tool geometries and/or processing parameters were conducted in Finite Element software PAM-STAMP to create the datasets for the training and testing of the surrogate models. Datasets for two case studies, i.e., a U-bending case and a car door outer panel stamping case, were developed in this study.
[bookmark: _Ref117677150]Design of experiments and FE simulations for datasets generation
U-bending is widely used to investigate the springback behaviour of materials under cold stamping conditions. Therefore, it was adopted in this study to generate the first dataset. A sketch of the tool sets of the U-bending case is illustrated in Figure 1. (a), where a plane of symmetry was adopted with symmetric boundary conditions applied to reduce computational cost. It was found through literatures [1] and FE parametric studies that the tool geometric features, specified in Figure 1. (a), have significant impact on the springback of cold stamped aluminium alloys components. Thus, they were identified as the design parameters to generate the dataset of FE simulations. The three stages, i.e., the closing, stamping and springback stage, of the FE simulation process of the U-bending case is illustrated in Figure 1. (b). The springback angles, i.e., the wall opening angle, θ1, and the flange angle, θ2, as defined in Figure 1. (c), were adopted to quantify the springback behaviour the U-bending components.

[bookmark: _Ref117593571](a) Schemetic diagram of the tool sets and design variables of the U-bending case study, where rd, rp, d, BHF, f, c, and T represent die corner radius, punch corner radius, draf angle, blank holding force, friction coefficient, the clearance between punch and die, and the blank thickness, respectively; (b) the three stages of the FE simulation of springback of U-bending; (c) definition of springback angles.

[bookmark: _Ref117601490](a) Demonstration of the tool setting for the FE simulations of the cold stamping of the door outer panel case study; (b) definitions of the local design parameters in the handle groove region, where a, b, R1, R2, and H represent the semi-major axis length, semi-minor axis length, punch fillet radius, die fillet radius, and handle groove depth; (c) definitions of the global design parameters, where L0 controls the rotation of the tool set, L1 and L2 control the initial blank shape.
The second surrogate model was developed to predict the springback in cold stamping an automotive component: the outer panel of a vehicle front door. The tool setting in the FE simulations is demonstrated in Figure 2. (a), where a plane of symmetry was applied to simulate the process of stamping a pair of door panels in one operation. Through FE parametric studies, it was found that high thinnings were localised only in the handle groove, thus, the geomteric parameters of the handle groove, specified in Figure 2. (b), were adopted as the design parameters for dataset generation. It was also found that the springback displacement fields were heavily affected by the  rotation of  the tool set and the initial blank shape, as specified in Figure 2. (c). Thus, L0, L1 and L2 were adopted as the design parameters as well.
The ranges of each design parameter for the U-bending and door panel stamping cases are tabulated in Table 1. In total, 603 samples and 1408 samples of unique combinations of the design parameters for the U-bending case and the door panel stamping case, respectively, were generated using the Latin hypercube sampling method to create the two datasets. FE simulations were conducted on these samples with Aluminium Alloy 5754 as the blank material. The stamping temperature for both cases was set as 20 ℃. For the U-bending case, the stamping speed was 150mm/s. For the door panel stamping case, the stamping speed, friction coefficient, blank thickness, and clearance between punch and die were specified as 300mm/s, 0.12, 1 mm, and 10% of blank thickness, respectively.
Table 1. Ranges of the design variables for the DoE of the U-bending and outer door panel stamping case studies.
	U-bending Variable
	d (°)
	rd, (mm)
	 rp  (mm)
	 T (mm)
	c
	BHF (kN)
	f
	

	Range 
	[0, 8]
	[2, 8]
	[2, 8]
	[0.5, 3]
	[10%, 15%]
	[5, 60]
	[0.1, 0.2]
	

	Door Panel Variable
	a (mm)
	b/a
	H (mm)
	R1/H
	R2/H
	L0 (mm)
	L1 (mm)
	L2 (mm)

	Range 
	[10, 64]
	[0.4,1]
	[15, 22]
	[0.5, 1]
	[0.5, 1]
	[0, 60]
	[740, 800]
	[680, 740]


[bookmark: _Ref117677172]Development of CNN surrogate models
As mentioned, the U-Net architecture was used in this study to develop the surrogate models. To resolve the gradient vanishing problem of a deep neural network, a residual connection was adopted in the U-Net to form a Res-U-Net architecture [2][3]. The procedures for the development of the CNN surrogate models are demonstrated in Figure 3. To prepare the input data for the surrogate model, for each design in the datasets, the tool 3D geometry was projected onto the top view to generate a 2D height map, and the processing parameters were interpolated onto uniform-valued images. The simulated physical fields, i.e., the thinning fields and the displacement fields, were projected onto 2D images as the training targets for the surrogate models. The input images were fed into the Res-U-Net models and the models were trained by minimising the loss (i.e., mean squared error) between their predictions and the target images.

[bookmark: _Ref117608536]Overview of the procedure to develop CNN surrogate models for fields predictions of cold stamping (with thinning model as an example).
Results and discussion
The CNN surrogate models developed in Sec 2.2 were trained with the two datasets developed in Sec 2.1 using Adam optimiser with the learning rate and batch size being 0.0004 and 4, respectively. The mean squared error was adopted as the loss function. For the U-bending case, the dataset was split into a training and a test set with the ratio of 512/91, and this ratio for the door panel stamping case was 1280/128. 
U-bending case study
3.1.1 Thinning fields prediction model 
A thinning fields surrogate model was trained to predict the post-stamped thinning fields of U-bending. Figure 4. (a) shows the loss history during the training epoch of the thinning model of the training and test sets. The test set loss converged between 10-4 and 10-5 after 500 epochs. The violin plot in Figure 4. (b) evaluates the model’s performance on predicting the maximum values of thinning by comparing the distributions of maximum thinning values of the ground truth (GT), which is obtained from FE simulations of U-bending, and the model’s predictions (PD). It shows good agreement between the GT and PD in both training and test sets. Figure 4. (c) compares the GT and the corresponding predictions of thinning fields of three random test cases, with the pixel-wise prediction error (E) plotted below. As seen the difference between the GT and the model’s predictions of the thinning fields are indistinguishable.  

[bookmark: _Ref117692591]Results of the thinning prediction model for the U-bending case: (a) the loss history through training epochs; (b) comparison of the distributions of the maximum thinning values between the ground truth (GT) and model predictions (PD) in the training and test datasets; (c) side-by-side comparisons of the ground truth and the predictions of 3 random test samples of thinning fields with the pixel-wise prediction error fields (E). 
3.1.2 Post-springback displacement prediction model 
A displacement prediction model was trained for the U-bending case to predict the post-springback displacement fileds. As shown in the loss history plot in Figure 5. (a), the test loss converged between 100 and 10-1 after 1000 epochs. Figure 5. (b) shows the distributions of the absolute relative errors of the springback angles between GT and predictions measured from the post-springback displacement fileds. In the test set the average absolute relative prediction errors of θ1 and θ2 are 0.77% and 0.65%, respectively. Figure 5. (c) compares the springback of GT and predictions (PD) for four random test cases in a 2D cut view, which shows good alignments between GT and the predictions.

[bookmark: _Ref117695586]Results of the post-springback displacement prediction model for the U-bending case: (a) the loss history through training epochs; (b) violin plot of the relative prediction errors (E) of the two springback angles defined in Fig 1 (c); (c) overlapped comparisons of the cut-views between the ground truth (red curves) and the predictions (blue curves) obtained from 4 random test samples of displacements fileds.
Car Door outer panel stamping case study

[bookmark: _Ref119334534]Side-by-side comparisons of the ground truth (GT) and model predictions (PD) with pixel-wise prediction error of (a) the thinning fields and (b) the springback displacements (along x-, y-, z- directions and norm displacement) from a random test case of the door outer panel stamping case study.
Three surrogate models were developed to predict the thinning fileds, springback displacements (displacements caused by springback) and the total displacements, repectively, for the door panel stamping case. Figure 6. (a) compares the GT and the predictions of the overall (the 1st colum) and localised thinning fields around the handle groove region (the 2nd column) of the door panel with pixel-wise prediction error of a random test case. Figure 6. (b) compares the GT and predictions of springback displacement fileds in x, y, and z directions, and norm springback displacement (NSD) fields with pixel-wise prediction error of a random test case. Figure 7. demonstrates the shapes of the stamped door panel after springback in 3D for four random test cases, with the NSD contour plotted on top of each 3D surfaces. As seen the model’s predictions are nearly identical to the ground truths.

[bookmark: _Ref119334574]Comparisons of the ground truth (GT) and predictions (PD) of the shapes of the stamped door panel after springback in a 3D view, with the norm springback displacement (NSD) contour plotted on top of the 3D surfaces from 4 random test cases.
conclusion
This paper presented a novel application of CNN-based surrogate models for the near-real time predictions of the thinning fields and the springback behaviours of cold stamped components. FE simulations on the post-stamped thinning fields and post-springback displacement fields were conducted to create two datasets for two cold stamping case studies, being a U-bending case and an outer door panel stamping case, respectively, with various tool geometries and processing parameters. Based on the datasets, Res-U-Net surrogate models were developed to enable rapid predictions of the thinning fields and the springback behaviour of the U-bending and the door panel stamping processes. Results show that the models can provide predictions of both thinning fields and springback behaviours with nearly indistinguishable differences against the ground truths obtained from FE simulations. Based on the CNN-based surrogate models developed in this study, future work can conduct sensitive analysis to explain the influence of design variables and process parameters, and optimisations for tool designs accounting for springback compensation.
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